. To enable inter-and intrastudy comparisons it is important to ascertain comparability among accelerometer models. Purpose: The purpose of this study was to compare raw and count data between hip-worn ActiGraph GT3X+ and GT9X Link accelerometers. Methods: Adults (n = 26 (n = 15 women); age, 49.1 T 20.0 yr) wore GT3X+ and Link accelerometers over the right hip for an 80-min protocol involving 12-21 sedentary, household, and ambulatory/exercise activities lasting 2-15 min each. For each accelerometer, mean and variance of the raw (60 Hz) data for each axis and vector magnitude (VM) were extracted in 30-s epochs. A machine learning model (Montoye 2015) was used to predict energy expenditure in METs from the raw data. Raw data were also processed into activity counts in 30-s epochs for each axis and VM, with Freedson 1998 and 2011 count-based regression models used to predict METs. Time spent in sedentary, light, moderate, and vigorous intensities was derived from predicted METs from each model. Correlations were calculated to compare raw and count data between accelerometers, and percent agreement was used to compare epoch-by-epoch activity intensity. Results: For raw data, correlations for mean acceleration were 0.96 T 0.05, 0.89 T 0.16, 0.71 T 0.33, and 0.80 T 0.28, and those for variance were 0.98 T 0.02, 0.98 T 0.03, 0.91 T 0.06, and 1.00 T 0.00 in the X, Y, and Z axes and VM, respectively. For count data, corresponding correlations were 1.00 T 0.01, 0.98 T 0.02, 0.96 T 0.04, and 1.00 T 0.00, respectively. Freedson 1998 and 2011 count-based models had significantly higher percent agreement for activity intensity (95.1% T 5.6% and 95.5% T 4.0%) compared with the Montoye 2015 raw data model (61.5% T 27.6%; P G 0.001). Conclusions: Count data were more highly comparable than raw data between accelerometers. Data filtering and/or more robust raw data models are needed to improve raw data comparability between ActiGraph GT3X+ and Link accelerometers.
O ver the last few decades, accelerometer-based activity monitors have become a popular field-based physical activity (PA) assessment method. Despite some limitations, there is general agreement that accelerometry can provide an appealing blend of validity and feasibility for measuring free-living PA and sedentary behavior across various settings. ActiGraph (ActiGraph Corp., Pensacola, FL), formerly known as Computer Science and Applications and Manufacture Technology Incorporated, is one of the most commonly used accelerometer brands in intervention and surveillance research and has produced several generations over the past few decades, most recently the GT9X Link in 2014 (1) . As technology has evolved, ActiGraph accelerometers have progressed from piezoelectric to capacitive sensors, uniaxial to triaxial data capture, and epoch-based count data to raw data sampled at high frequencies (i.e., 30-100 Hz; GT3X+ and Link). Raw acceleration data may contain valuable movement information such as direction and orientation, which are lost when data are condensed into activity counts; this prospect has led some researchers to use raw data in an attempt to improve the measurement of PA and sedentary behavior (2) (3) (4) (5) (6) .
Previous studies have generally shown good comparability of vertical axis counts from the 7164 and GT1M accelerometers both in laboratory-based mechanical shaker testing and when worn on the hip (7) (8) (9) (10) ; moreover, the majority of past work supports the comparability of the GT1M and GT3X vertical axis counts when worn by adults in both laboratory and free-living settings (11) (12) (13) . However, Sasaki et al. (14) demonstrated good comparability in the vertical axis but poor comparability in the anterior-posterior axis between GT1M (anterior-posterior axis of GT1M unlocked by ActiGraph for use several years after initial production) and GT3X, thereby recommending caution when drawing comparisons between more than the vertical axis data from different ActiGraph models. Despite a wealth of studies comparing older ActiGraph models, little work has established comparability of data collected from the GT3X+ or the Link to older models or, indeed, to each other.
The newest ActiGraph model, the GT9X Link, differs from the GT3X+ model in several important ways, many of which affect usability. For example, unlike the GT3X+, the Link has a screen that allows researchers to select whether wearer PA feedback (e.g., steps) is provided and contains other measurement technologies including a triaxial magnetometer and gyroscope. Of greater relevance to the current study, the GT3X+ is larger (4.6 Â 3.3 Â 1.5 cm vs 3.5 Â 3.5 Â 1.0 cm) and heavier (19 g vs 14 g), and has slightly different methods of attachment to the hip compared with the Link (slots for elastic band on GT3X+ vs clip for Link); these attributes could subtly change the device orientation when worn, which may directly affect the raw acceleration output from each device. Although the accelerometer type, sampling frequency, and data filtering methods are reportedly the same between the GT3X+ accelerometer and the Link's primary accelerometer, to our knowledge, the comparability of these accelerometer models has not been assessed. It is important to establish if data collected from GT3X+ and Link models are comparable when evaluating studies or interventions using these different accelerometer models. Therefore, the purpose of this study was to assess comparability of the ActiGraph GT3X+ and Link accelerometers for raw and count data and for predictions of energy expenditure (EE) and activity intensity during human testing.
METHODS
Participants. Participants (n = 30) were apparently healthy adults 18-79 yr old who were able to safely participate in activities of at least a moderate intensity (i.e., able to complete a brisk walk). The study protocol was approved by Ball State University's institutional review board, where data collection took place, and all participants provided written informed consent before beginning the study.
Equipment. Participants wore two ActiGraph accelerometers (one GT3X+, one GT9X Link), which were initialized at a sampling rate of 60 Hz; previous work by BrLnd and Arvidsson (15) indicate that, for correct conversion of raw data to counts, the sampling frequency must be a multiple of 30 Hz (e.g., 30, 60, or 90 Hz). Accelerometers were placed immediately next to each other, with placement of accelerometers randomized among participants, on the right hip using an elastic belt. The GT3X+ has two slots into which the elastic band feeds; conversely, the Link comes with a separate clip that can be attached to the elastic band. Accelerometers were oriented so that the X axis was primarily the anterior-posterior axis, the Y axis was the vertical axis, and the Z axis was primarily the medial-lateral axis (see Figure, Supplemental Digital Content 1, Link and GT3X monitor orientation, http://links. lww.com/MSS/B166). A total of seven GT3X+ and four Link devices were used in testing. The GT3X+ devices can capture a dynamic range of T6g, whereas the Link devices have a range of T8g.
Protocol. Once fitted with the accelerometers, participants completed an 80-min, semistructured protocol in which they performed 12-21 activities from a predefined list of 21 (see Table 1 for activities performed and number of total epochs for which activities were performed). Participants were given considerable freedom in the protocol; duration, intensity, order, and method of performing each activity (e.g., how to hold a broom, walking speeds, etc.) were left up to the participants. Activities were broadly grouped into three categories (sedentary, household, and ambulatory/exercise), and participants were required to perform at least four activities in each category. Chosen activities were performed for 2-15 min each; in addition, participants were asked to spend Q40 min (Q50%) of their time performing sedentary behaviors to better replicate adults' free-living behaviors (16) . During the protocol, a trained research assistant recorded exact start and end times for each activity on a tablet computer, which was time synchronized with the accelerometers; these times were used to conduct activity-specific accelerometer comparisons.
Data processing and analysis. Data were downloaded and converted to counts in ActiLife version 6.9 (ActiGraph Corp.); the raw data were then exported to Microsoft Excel 2010 (Microsoft Corp., Redmond, WA) for feature extraction and conversion to 30-s epochs.
In terms of accelerometer orientation (see Figure, Supplemental Digital Content 1, Link and GT3X monitor orientation, http://links.lww.com/MSS/B166), the Y axis is oriented in the same orientation for both accelerometers, but the X and Z axes are reversed in sign; therefore, the signs (+ or j) for the X and Z axes were reversed for the Link accelerometer when making raw data comparisons to the GT3X+ accelerometer and before extracting features for the machine learning model (as described hereinafter).
For all analyses (except Bland-Altman plots), data were calculated for each individual participant and averaged across the sample. Several statistical tests were completed to analyze comparability of data from the Link and GT3X+ accelerometers. For the raw data, the mean and variance of the raw signal in each accelerometer axis and vector magnitude (VM; VM ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi
) were computed in 30-s epochs and were compared on an epoch-by-epoch basis using Pearson correlations; a similar analysis was conducted for counts accrued in 30-s epochs in each axis and VM. Correlations between devices were computed for each individual participant, and data were normalized using a Fisher Z transform to normalize data before statistical analyses. The 30-s epoch length was chosen for consistency with previously developed machine learning predictions of activity intensity (5, 17) . Repeated-measures ANOVA tests were used to compare correlations for each axis and VM among the raw and count data; in the case of a significant test statistic, a least significant difference correction was used for post hoc pairwise comparisons.
Three previously developed EE prediction equations/cutpoints were used to predict the activity intensity (sedentary, light, moderate, and vigorous) of each 30-s epoch, and the total time spent in each intensity was summed for the entire visit. For the raw data, mean and variance of the raw signal in each axis ([2 features per axis] Â 3 axes = 6 features) were input into a previously developed, machine learning EE (in METs) prediction equation; this equation was developed for the ActiGraph GT3X+ accelerometer by Montoye et al. (3) in 2015 (subsequently referred to as Montoye 2015 model). This was done separately for the raw data from each accelerometer. Standard absolute MET thresholds (sedentary, e1.5; light, 91.5 and G3.0; moderate, Q3.0 and G6.0; vigorous, Q6.0) were then used to determine activity intensity from the EE predictions.
For the count data, 30-s data were input into the Freedson 1998 and 2011 count-based linear regression equations (14, 18) , which were used to determine epoch-by-epoch and total time spent in each activity intensity. It should be noted that neither of these cut-points originally differentiated between sedentary behavior and light-intensity PA, but we included cut-points TABLE 1. Activity-specific, raw data for ActiGraph GT3X+ and link. of 100 and 200 counts per minute for the Freedson 1998 and Freedson 2011 cut-points, respectively, because these are commonly used for determining sedentary behavior (19, 20 Independently for the raw and count data, paired t-tests were used to determine whether statistically significant differences in time spent in each activity intensity existed between GT3X+ and the Link accelerometers. In addition, both percent (%) agreement and kappa statistics were computed and compared between raw and count data using paired t-tests.
Activity-specific EE values, mean and variance of the raw data, and count data were also compared between accelerometers using paired t-tests. Statistical significance was determined at a P value of G0.05 for the repeated-measures ANOVA tests and paired t-tests.
Finally, Bland-Altman plots were developed using pooled data from all participants to assess agreement between accelerometers for the raw and count data. The Montoye 2015 model for EE prediction was used using R statistical software (R-project, Vienna, Austria), and the Freedson 1998 and 2011 models were used using ActiLife version 6.9. Statistical testing was conducted using SPSS version 24.0 (IBM Corp., Armonk, NY).
RESULTS
Four participants had accelerometer initialization or malfunction issues (one Link malfunction, one instance where accelerometers were initialized to the incorrect time, and two instances where Link was placed in the incorrect orientation). Their data were excluded from analysis, leaving 26 (n = 15 female) with data available for analysis. Mean T SD was ). Because raw acceleration data may not be perfectly calibrated to gravity, we attempted to use the g.calibrate function of the GGIR package in R to calibrate the data. However, of the 52 data files (26 participants Â 2 devices), only 22 files from 11 participants had enough data to assess calibration; for those, GGIR reported calibration errors ranging from 0.01081321 to 0.04571884 (average, 0.022458135) for the GT3X+ and from 0.01878736 to 0.04958797 (average, 0.028124825) for the Link. None of the devices had enough data to recalibrate the devices; therefore, all data were left uncalibrated for analyses.
Correlations between devices. Figure 1 displays Pearson correlations for both the raw and count data. Both the count data (r = 0.96-1.00) and variance of the raw data (r = 0.91-1.00) had significantly higher correlations between accelerometers for each axis and VM compared with the mean of the raw data (r = 0.71-0.96). Moreover, the count data had significantly higher correlations for the X and Z axes compared with the variance of the raw signal. With the exception of the mean raw data for the Z axis (r = 0.71), all correlations found in this study would be considered ''strong'' (Q0.80) according to Cohen's correlation strength thresholds (21) .
Activity-specific, raw, and count data comparisons. Activity-specific comparisons of raw and count data are shown in Tables 1 and 2 . Small but statistically significant differences between accelerometers were observed for mean raw data (Table 1) for Y and Z axes as well as the VM with all six sedentary behaviors for the Y axis and VM and all but one sedentary behavior (lying down) for the Z axis. Small but statistically significant differences were also shown for the Y and Z axes and VM for most household activities FIGURE 1-Pearson correlations for raw and count data collected from GT3X+ and Link accelerometers. Error bars represent SD. $Indicates significant differences between mean and variance of the raw data. *Indicates significant difference between mean of the raw data and count data.
Indicates significant difference between variance of the raw data and count data.
http://www.acsm-msse.org TABLE 2 . Activity-specific, count data for ActiGraph GT3X+ and Link.
Sedentary activities
, and all 7 of the 7 ambulatory/exercise activities, respectively). For the Y axis, the GT3X+ accelerometer had a greater positive signal magnitude in 13 of the 16 different activities deemed statistically significant, and for the Z axis, the GT3X+ accelerometer had a greater positive magnitude in all 11 of the activities deemed statistically significant; no such trend was present for the X axis. The X axis had significant betweenaccelerometer differences for seven activities (reading, picking up items, vacuuming, walking briskly, overground and treadmill jogging, and stairs). For variance of the raw data (Table 1) , the X axis, Y axis, and VM were significantly different between accelerometers for most activities (14, 14, and 18 of the 21 activities, respectively). In addition, variance in the Z axis was significantly different between accelerometers for 4 of the 7 ambulatory/ exercise activities but only 1 household activity and 2 sedentary behaviors. In most cases, the detected accelerations for variance were G0.01g different between accelerometers. For count data (Table 2) , the X axis data were significantly different between accelerometers for most household (5 of 8) and ambulatory/exercise activities (4 of 7) as well as computer use, whereas the Y axis and VM data were significantly different between accelerometers in only a few activities interspersed among categories (5 and 7 of the 21 activities, respectively). The between-accelerometer Z axis data were significantly different for most ambulatory/exercise activities (4 of 7) and a few sporadic sedentary behaviors (3 of 6) and household (2 of 8) activities. The largest differences in count data occurred during the ambulatory/exercise activities, with a mean difference as large as 472.6 Z-axis counts during the treadmill jog activity.
Activity-specific EE predictions are shown in Table 3 . For the sedentary behaviors, there were few interaccelerometer differences in predicted EE between the GT3X+ and Link accelerometers. Statistically significant differences were present for several of the household activities using the Freedson 1998 and 2011 equations (sweeping and vacuuming for both, picking up items for Freedson 1998), but the absolute magnitude of the difference was small (0.1-0.2 METs). There were significant differences between the GT3X+ and Link in predicted METs (ranging from 0.1 to 0.9 METs) for the Montoye 2015 model for most ambulatory/exercise activities (6 of 7), but few differences existed between accelerometers for the Freedson 1998 (2 of 7) or 2011 (1 of 7) equations.
Comparison of predicted PA intensities. Predictions of time spent in each activity intensity as well as percent agreement (% agreement) and kappa coefficients for activity intensity classification are shown in Table 4 . The Montoye 2015 model predicted significantly less time spent in lightintensity PA but significantly more time spent in moderate-, vigorous-, and moderate-or vigorous-intensity PA with the Link accelerometer compared with the GT3X+ accelerometer. Conversely, for the count data, there were no differences in the predicted times spent in any intensity for the Freedson 1998 or 2011 equations. For percent agreement and kappa coefficients, the Montoye 2015 model had significantly lower inter-accelerometer agreement than the Freedson equations. In addition, using kappa strength thresholds developed Agreement between devices. To further examine agreement between the GT3X+ and Link data, Bland-Altman plots were constructed (Fig. 2) . For both raw and count data, mean differences between accelerometers clustered close to 0, indicating good overall agreement between devices. For raw data, 95% limits of agreement (in gravitational unit, g) for the mean raw data for the X axis, Y axis, Z axis, and VM, respectively were [j0. 29 
DISCUSSION
The purposes of the present study were, first, to ascertain the comparability of raw and count data collected from GT3X+ and GT9X Link accelerometers worn on the hip and, second, to assess the comparability of activity intensity predictions from these accelerometers when assessed using previously validated EE/activity intensity prediction equations/ models. Results indicated that the raw data were less comparable than the count data between accelerometers. In addition, when features of the raw data were used as inputs into the Montoye 2015 prediction model (3), the two accelerometers produced significantly different estimates of time spent in all activity intensity categories except sedentary behavior. Conversely, count data were more comparable than raw data between accelerometers and yielded similar estimates of activity intensity when the count data were used as inputs into two popularly used prediction equations, the Freedson 1998 and 2011 equations (14, 18) .
Comparability of count data and raw data. Given that most studies seeking to evaluate PA using ActiGraph accelerometers still rely on count data (1), the high comparability between the GT3X+ and Link accelerometers for count data is encouraging. Importantly, the comparability of activity intensity estimates derived from both the count Freedson 1998 and 2011 equations (14, 18) provides evidence to support the use of either vertical-axis counts or VM to predict EE and activity intensity interchangeably between the GT3X+ and Link accelerometers when worn on the hip. This is a reassuring finding for researchers using more than one version of ActiGraph accelerometer along with count-based regression or machine learning data models for EE and/or activity-type prediction, such as those developed by Freedson et al. (14, 18) , Lyden et al. (23) , Trost et al. (24) , and Mackintosh et al. (25) . However, if using count data it is important to note that the sampling frequency of raw ActiGraph data affects the conversion to counts (15) , then the sampling rate chosen for a study would need to match the sampling frequency used to validate the models if optimal accuracy is to be obtained. An additional limitation of count data is that counts are brand specific and often proprietary, precluding interbrand comparability or usability of predictive models (26) .
Despite the limitations of activity counts, the high comparability of activity count data between devices in this study may provide insight into potential ways to process, filter, and/or summarize raw data to improve raw data comparability within and among accelerometer brands. Determination of transparent, replicable steps to improve raw data comparability across different accelerometers is important because it would offer the best potential for pooling raw data from multiple studies, comparing across studies, and developing highly accurate prediction models across different populations and a variety of accelerometer brands. It is not yet clear if this is possible, however, with limited available evidence providing mixed support of the comparability of raw data across brands. For example, John et al. (27) compared raw data collected from GENEActiv and ActiGraph GT3X+ data and found significantly higher VM for the GENEActiv compared with the GT3X+ during mechanical shaker testing; these differences persisted in human testing, where activity-type recognition accuracy was significantly decreased when developing a predictive model for one device and applying it to raw data from the other device. In two subsequent studies comparing the GENEActiv to the ActiGraph GT3X+, Rowlands et al. (28) and Hildebrand et al. (29) found significant differences in raw data between GENEActiv and ActiGraph GT3X+ when worn on either the wrist or the hip. However, these studies have predominately evaluated raw data and/or time-domain features (similar to those used in this study) when evaluating comparability. Importantly, John et al. (27) found better comparability of frequency-than time-domain features between GENEActiv and ActiGraph accelerometer brands. Rowlands et al. (30) also found that some frequency-domain features were translatable across GENEActiv and ActiGraph brands. However, whether frequency-domain features can solely provide sufficient information for accurate activity prediction remains unknown. These and other aspects, such as accelerometer angle, should be explored in future work given their potential to be used for improving translatability within and across accelerometer brands and in the accurate prediction of PA.
Accelerometer orientation. The presence of subtle differences between accelerometer brands and within models of the same brand, and the subsequent influence of these differences on activity prediction, has important implications for interstudy comparisons and interpretations. The sedentary behaviors in this study elicited a predicted EE of 1.1-1.7 METs for both accelerometers. Given the limited hip motion for these activities (as evidenced by variances close to 0), this indicates that mean of the raw acceleration signal, which is orientation dependent (see Figure, Supplemental Digital Content 1, Link and GT3X monitor orientation, http://links.lww.com/MSS/B166), affected EE estimates for these activities. Therefore, the machine learning model used in this study is also orientation dependent. Although standardization of accelerometer placement should be routine practice in studies using accelerometers, the present study indicates that even small variations in accelerometer placement and/or orientation, which inevitably occur when wearing an accelerometer over a sustained period and which may be inherent in different methods of attachment used (e.g., tape vs strap vs clip), may affect accuracy of prediction models that use raw data.
Use of VM or ENMO would avoid orientation issues because they summarize triaxial data into a single, nonnegative value. However, similar to count data, it is thought that collapsing raw data into activity counts or metrics, such as VM or ENMO, loses some of the information contained in the raw signal and, further, that this extra information may help improve the accuracy of predictive models. This especially affects accelerometers that are placed further from the center of mass, have higher movement variability (such as the wrist), and/or are used to measure EE in children, whose movements are more irregular, shorter in duration, and of higher intensity than those in adults (2, 6, 31) . A previous study by Montoye et al. (32) found that machine learning models using triaxial data had higher accuracy in a simulated freeliving setting than machine learning models using VM for wrist-worn accelerometers. Therefore, a current challenge is determining how to effectively use the extra information provided by using triaxial, raw data to maximize EE prediction accuracy while minimizing the effect of orientation differences and/or potential overfitting of predictive models. One potential approach would be to use filtering methods to remove noise from the raw accelerometer data; such filtering is routinely conducted when translating raw ActiGraph data to activity counts (15) . Several different kinds of filtering techniques are available (e.g., Butterworth and band-pass), and each has parameters that must be predetermined. Studies suggest that filtering can be used/included as part of using raw data to assess PA (33,34) ; however, currently, there are not sufficient data to recommend a certain kind of filtering technique or parameters for a given technique to allow standardization.
Strengths and limitations. This study has several important strengths. The simulated free-living setting allowed for a thorough examination of the accelerometers' raw and count data comparability across a wide variety of activities and activity types (i.e., sedentary, lifestyle, ambulatory) while using high-quality criterion measures to capture the ground truth/ criterion activity types and timings. Therefore, our findings likely generalize well because of similarity in our protocol to typical accelerometer use practices. In addition, although relatively small in number, our sample encompassed a wide age range and had considerable variability in fitness level and body composition, increasing the likelihood of these results being generalizable to other adult populations. Finally, the use of a machine learning model for raw data and two commonly used, count-based models for EE prediction allowed for determination of potential practical implications of differences in the accelerometer data on PA outcomes.
This study also had several noteworthy limitations. First, this study used only one machine learning model available for assessment of EE from raw accelerometer data, and other models may be affected differently by the small differences in the raw acceleration signal. Another limitation is that this study did not have access to a mechanical shaker to assess comparability of the raw data between accelerometers. Given the differences found in the raw signal when the devices were worn side-by-side, a mechanical shaker study may help elicit further differences in raw data between devices (i.e., frequencies, magnitudes, orientations). On a related note, although the randomization of the accelerometers in this study should account for any potential influence of accelerometer placement on the data, interinstrument or intrainstrument variability of the devices may, at least in part, contribute to the slight variation seen in the raw data collected from the GT3X+ and Link accelerometers. We are not aware of studies assessing reliability of raw data collected by ActiGraph accelerometers, although it seems likely that the raw data are highly reliable given that numerous studies have shown high intrainstrument and interinstrument reliability of various models of the ActiGraph accelerometer for count data (especially at lower intensities) (35) (36) (37) (38) (39) . An additional limitation is that the short length of data collection (~2 h) did not allow for use of functions to calibrate sensor data for gravity, as is possible in the GGIR package in R (40); slight calibration errors presented in the results may have contributed to the differences seen between devices.
CONCLUSIONS
In conclusion, our study found good comparability between hip-worn ActiGraph GT3X+ and GT9X Link accelerometers for activity counts (all three axes and VM) and count-based activity intensity prediction. Therefore, it seems that hip-worn GT3X+ and Link accelerometers can be used interchangeably for collection of count data. Conversely, small but significant differences were uncovered in the raw signal between accelerometers, and these translated to significantly different predictions of time spent in different activity intensities. Studies using raw data should be cognizant of potential differences between the GT3X+ and Link and consider data filtering or alternate modeling techniques that may improve comparability of raw data between accelerometers.
